Introduction
Seasonal snow covers large areas of the Earth's land surface. Information about snow is important for climate studies (Cess, et al., 1991) and hydrological applications. Snowmelt may contribute significantly to the runoff from drainage basins, and runoff forecasts serve flood warning and hydropower production (Winther and Hall, 1999) . Therefore, improving the techniques for monitoring the snow cover is of growing interest.
Remote sensing techniques have far reaching monitoring potential. Methods for snow-cover mapping have been developed for optical sensors (e.g., Andersen, 1982; Hall, et al., 1995; Rosenthal and Dozier, 1996) for active microwave sensors (e.g., Koskinen, et al., 1997; Nagler and Rott, 2000) and for passive microwave sensors (e.g., Hallikainen, 1989; Foster, et al., 1997) . Presently, the reflected signals from snowcovered areas recorded by optical sensors are better understood than those acquired by microwave sensors (Solberg, et al., 1997) . Hence, optical images are most frequently used in operational snow-cover mapping, although clouds may obscure the mapping (Solberg and Andersen, 1994; Reflectance Modeling of Snow-Covered Forests in Hilly Terrain Dagrun Vikhamar, Rune Solberg, and Klaus Seidel et al., 2002) . Snow in forests is challenging to map with optical remote sensing techniques because some of the snow is masked by the tree canopy and thereby mostly occluded from the sensor. Additionally, the trees contribute spectrally to the satellite-measured radiance. A few studies have particularly focused on handling the forest problem (Klein, et al., 1998; Metsämäki, et al., 2002) , and it has been demonstrated that snow in forests is mapped with lower accuracy than in unforested regions (Hall, et al., 2001) .
To investigate the problems of snow-cover mapping in forests, a linear spectral mixture model (SnowFor) has previously been developed for different forest types with snowcovered ground and flat terrain Solberg, 2002 and 2003b) . It is known that topography significantly influences the radiometry of the acquired satellite image (Proy, et al., 1989) . There are two objectives for the work presented in this paper: 1) To study radiometric effects caused by the topography in snow-covered forested areas; and 2) To model these topographic effects in SnowFor. The SnowFor model is the main component of a snow-cover mapping method for forests currently under development. Reflectance modeling is a step on the way to understand processes, and thereby being able to improve subpixel snow cover mapping. For this study, two Landsat TM images of hilly, forested terrain in Switzerland are selected for experiments. The 30 m spatial resolution makes it possible to identify and study pure snow and forest pixels. Empirical reflectance models for snow and trees, based on the local solar incidence angle, are proposed (TopoSnow and TopoTree), and integrated into the SnowFor model. This approach, referred to as subpixel topographic reflectance modeling, was motivated by an experiment presented here which investigates the performance of four other topographic correction methods for snow-covered forests. Modeled and observed Landsat TM reflectances are compared for visible and near-infrared wavelengths.
The paper first provides a short summary of how trees and topography affect the image radiometry, and how terrain effects are handled by four topographic correction methods. Then, the approach for integrating radiometric terrain effects into the SnowFor model is presented (Figure 1 ). Moreover, the study area, data sets, and four experiments are successively described. Finally, the result of the reflectance modeling is assessed.
Background
Effects influencing the measured radiance from snow-covered forests, and how terrain effects are handled by four topographic correction methods, are briefly described in the following.
Effects of Trees and Topography on Satellite-measured Radiance
The radiance measured by an optical satellite sensor is composed of radiance from the observed ground area (reflected direct and diffuse irradiance), and path radiance (an atmospheric component) (Richards, 1993) . Trees and topography are two important factors affecting the direct and diffuse irradiance reaching the snow-covered ground. Therefore, trees and topography are described in this section.
Trees
Trees make a flat area three-dimensional, causing several shadow effects. In Vikhamar and Solberg (2003b) , the shadow effects resulting from trees in flat terrain were divided into primary and secondary effects. Primary shadow effects are caused by single trees, and include the self-shadow in a tree crown and the cast shadow on the ground. Secondary shadow effects result from the surrounding trees, and include cast shadows on other trees and surfaces, as well as reduced ground-received diffuse irradiance caused by tree crowns shielding the sky hemisphere. The penetration of light through the canopy is determined by the tree-crown density, and thus the tree species, which in turn affect the shape of the cast shadow. Because the tree-crown density of leafless birch is significantly lower, much more light penetrates leafless birch than for pine and spruce. In sparse forests, shadows may cover a large fraction of the ground at low solar elevation angles. Yet, by increasing the crown coverage in simulations by Li and Strahler (1985) , it was demonstrated that viewable shadowed areas on the forest floor actually decreased because larger areas became shaded tree crowns.
Topography
For mountainous terrain, Proy, et al. (1989) describe three effects caused by the topography: 1) Some areas receive exclusively diffuse irradiance due to cast shadows; 2) Shielding of the sky hemisphere reduces the diffuse irradiance; and 3) Surrounding terrain reflects irradiance towards the observed ground area. Similar effects arise when the mountainous terrain is forest covered. The shadowed areas in tree crowns and on the ground change location and spatial extent as compared to forested flat terrain. The shadowed areas become smaller on slopes facing the sun, while they increase on slopes oriented away from the sun (Gemmel, 1998) .
Topographic Correction Methods
Several methods have been developed with the purpose of removing terrain effects from the measured pixel radiance. Widely used methods are the Lambertian cosine correction, the statistic-empirical correction, the C-correction, and the Minnaert correction (see Teillet, et al., 1982; Meyer, et al., 1993; Ekstrand, 1996) . The general approach of these methods is to normalize the observed radiance from inclined surfaces to flat (horizontal) surfaces by modeling the local incidence angle to the terrain surface cos(i) for each pixel (Table 1) . i is defined as the angle between the surface normal and the solar beam. Using information about the solar position at the acquisition time for the satellite image and the local terrain relief, i can be calculated for a pixel by the formula (Smith, et al., 1980) :
where sz is the solar zenith angle, sa is the solar azimuth angle, tz is the surface normal zenith angle or the terrain slope, and ta is the terrain azimuth angle. The Lambertian cosine correction transforms the direct irradiance on an inclined terrain surface to a horizontal surface by assuming Lambertian reflection and ignoring the diffuse irradiance. A Lambertian surface reflects irradiance equally in all directions (diffuse reflector), which makes it independent of viewing angle, but still dependent on the solar incidence angle. The statistic-empirical correction and the C-correction assume a statistical linear relationship between the cos(i) and the radiance. Both methods attempt to capture direct and diffuse irradiance, and the linear relationship indicates that the methods should perform best for surfaces behaving as Lambertian reflectors. The Minnaert correction is an extension of the Lambertian model employing the Minnaert constant, k, which varies between 0 and 1 (Minnaert, 1941) . The constant k is empirically determined for the actual surface, and its purpose is to handle non-Lambertian reflectors (anisotropic reflectors). When k ϭ 1 it is a normal Lambertian cosine correction. Ekstrand (1996) proposed a variant of this correction method by letting k vary with the local solar incidence angle.
Other approaches for topographic corrections have been proposed by Pouch and Campagna (1990) , Proy, et al. (1989) , Gu and Gillespie (1998) , and Dymond, et al. (2001) .
Handling Terrain Effects in the SnowFor Model
This section first presents the SnowFor model and, secondly, describes a subpixel approach to handle terrain effects on mixed pixels of snow and trees. Terrain effects are not removed from the measured pixel reflectance, but rather included in the SnowFor model, by integrating topographic reflectance submodels for the spectral land-cover types within a pixel. Figure 1 . Flowchart depicting the reflectance modeling by the SnowFor model and the integration of the two topographic reflectance submodels, applied for spruce forests with full snow-cover.
The SnowFor Model A subpixel reflectance model for snow-covered forests (SnowFor) has previously been developed Solberg, 2002 and 2003b) . Pixel reflectance is modeled as a linear mixture of snow, individual tree species and snowfree bare ground (e.g., rock, soil, low vegetation):
where R is the modeled pixel reflectance for a given wavelength and A P ϩ A S ϩ A B ϩ A SW ϩ A BG ϭ 1. A represents area fractions of a pixel and R is reflectance. The subscripts P, S and B refer to pine, spruce and birch tree crowns, respectively, while the subscripts SW and BG refer to snow and bare ground, respectively. So far, the work has focused on developing and validating the SnowFor model. Reflectance modeling makes it possible to study the various effects contributing to the observed pixel reflectance. Reflectance variability of some forest types with full snow coverage has been studied based on detailed single-tree modeling, and the importance of different shadow effects in flat terrain have been quantified. The SnowFrac snow-cover mapping method is based on the SnowFor model proposed by Solberg (2002 and 2003b ). An algorithm suited for operational snow-cover mapping is currently under development (Vikhamar and Solberg, 2003a) . The main concept of the SnowFrac method is described here to explain the use of the reflectance modeling. The snow-covered fraction of a pixel is estimated by spectral unmixing of multispectral data using the SnowFor model. An over-determined equation system is solved by the leastsquares method to find the best fit of modeled reflectance values for a number of wavelengths (e.g., Schott, 1997, pp. 285-287) . Since snow-cover fraction is the variable of interest, prior information about other land-cover types within each pixel is used for the spectral unmixing. Input parameters to the unmixing algorithm consist of both land-cover spectra and a landcover fraction map, the latter containing area fractions of the forest types within a pixel. The purpose of specifying several input parameters is to improve the accuracy of the output snow-cover fraction by reducing the number of unknowns in the equation system. Therefore, a general requirement for the SnowFrac method is a pixel based land-cover fraction map.
Integrating Terrain Effects into the SnowFor Model
Because the basic concept of the SnowFor model is fractional reflectance modeling of spectrally separable land cover types (snow, trees, and bare ground) and radiometric terrain effects are assumed to be land cover dependent, terrain effects are proposed to be handled by reflectance models for individual land-cover types. These topographical submodels modify the apparent reflectance (at-satellite reflectance, not corrected for atmospheric and terrain effects) of individual land cover types according to the terrain relief derived from a digital terrain model.
As described in the background section, the main effects influencing the measured pixel radiance are reflected direct, and diffuse irradiance from the observed ground area and the path radiance. If path radiance is removed from the pixel radiance by an atmospheric correction method (e.g., Song, et al., 2001) , the primary reflected irradiance from a surface (land cover type) is the direct irradiance, which may be simplified to a parameterization of these two components: 1) The local solar incidence angle, i; and 2) The optical properties of the surface, L, described by its true reflectance, R L,true . The viewing angle of the sensor is of importance if the surface is not a Lambertian reflector. The true reflectance modulated by radiometric terrain effects is here denoted terrain reflectance for a land-cover type, R L,terr . A general topographic reflectance model for individual land-cover types based on a Lambertian model is used as starting point:
To extend the basic Lambertian model to better represent nature, the topographic reflectance model may be determined empirically by regression (linear or non-linear) of the cos(i) and the apparent reflectance values for given wavelengths and land cover type. For the experiments in this work with spruce forests and full snow cover, two land-cover topographic submodels for apparent reflectance are proposed, one for snow and one for spruce tree crowns: TopoSnow: R SW,app ϭ f (cos(i), R SW,true ) and TopoTree: R S,app ϭ g(cos(i), R S,true ), where f and g are empirically calibrated (determined) functions. Each submodel accounts for direct radiation (modeled by the local solar incidence angle) and true reflectance of a given land cover type which are considered the primary effects. The purpose of empirical calibration of these functions is to account for secondary effects, including reflected diffuse radiation, anisotropic reflectors, and natural reflectance variability within each land cover. If the empirical functions f and g are linear, both snow and spruce tree crowns are modeled as Lambertian reflectors, while a non-linear function may capture anisotropic reflectance characteristics. Cast shadows from surrounding terrain are not handled with the cos(i) model which solely accounts for the local terrain relief. Calibration of these empirical models is a key issue and is discussed in the experiments and results section.
The TopoSnow and the TopoTree models are merged into the SnowFor model as the reflectance component of snow and spruce tree crowns within a pixel ( Figure 1 ). In this way the snow reflectance (R SW ) and the tree-crown reflectance (R S ) vary for each pixel in an image based on its local solar incidence angle. Figure 2 . Concept of an empirical topographic reflectance model for individual land-cover types. A Lambertian model is used as starting point to account for direct irradiance and land-cover true reflectance (primary effects): R L,terr ϭ cos(i)R L,true . The figure illustrates two Lambertian models for land-cover types with different true reflectance (R L2,true Ͼ R L1,true ). To include diffuse irradiance, anisotropic reflectance and natural reflectance variability within a landcover type (secondary effects), the model is calibrated empirically by regression (linear or non-linear) of the cosine of the local solar incidence angle and the apparent reflectance values of a wavelength, for the particular land-cover type (dashed lines). A shift on the y-axis models the diffuse irradiance and other possible effects giving a background irradiance. A non-linear model accounts for some anisotropic reflectance.
Study Area and Data Set
The study area Alptal is located in the lower Alps, Canton Schwyz, Switzerland (47.1°N, 8.8°E) (Figure 3 ). Alptal is a valley surrounded by forested hills where the main tree species is Norway spruce (Picea abies). A small test site (2.76 km ϫ 1.44 km) was identified based on conditions with full snow coverage and availability of an aerial photo for deriving a forest fraction map. The large variability in conifer forest density and in terrain relief (Figure 4 ) made the test site suitable to study terrain effects. The test site represents a transect from the valley bottom and across the ridge of a hill from 1073 to 1651 m. ASL. The Landsat TM channels 1-5 and 7 are depicted. Snow and water spectra were used for empirical linear calibration of the channels 2, 3 and 4 to reflectance. The low midinfrared reflectance of both snow and water resulted in a loss of the information in the channels 5 and 7 after calibration (too close to noise level).
The data set consists of Landsat images, an aerial photo, a digital elevation model (DEM), snow measurements and meteorological observations. The use of high-resolution images facilitates identification of pixels of pure land cover types: snow and trees. To study different situations with full snow coverage and changing solar exposition, all cloud-free Landsat TM and ETMϩ images (path 195, row 27 ) from the winter 2000 covering Alptal were selected. Due to sensor saturation for most of the snow surfaces in the visible and near-infrared channels (channels 1-4) of the ETMϩ images, only two TM images (10 February and 13 March 2000) could be used. Sensor saturation of snow surfaces was to some extent found in the blue channel of the TM images (Channel 1), so this channel was also rejected.
The two TM images were geometrically converted to orthoimages, using digital maps (1:25000) and a DEM (25 m spatial resolution and 10 m height resolution). Radiometric calibration to apparent reflectance was carried out by empirical linear calibration models developed from satellite-measured radiance and spectra of dark and light objects (lake water and snow) in the scene (Schott, 1997, pp. 211-212) . In situ spectra from the time of image acquisition were not available. However, spectra of snow, measured with a portable FieldSpec ® FR spectroradiometer (ASD, 1996) on occasions with similar meteorological history as the TM scenes, were used. Lake reflectance was represented by tap water from the Johns Hopkins University Spectral Library (Salisbury, 2002) . The calibration method implied a loss of the TM channels 5 and 7, due to the combined low water and low snow reflectance in mid-infrared wavelengths ( Figure 5 ). The atmospheric conditions were assumed constant within the test site, but terrain elevation may have influenced the irradiance through varying atmospheric path length. Although a correction for path radiance is implicit in the calibration method, the term apparent reflectance is used in the following.
Meteorological observations (wind speed, air temperature, precipitation, and solar radiation recorded every 30 minutes) and manual snow measurements (depth and density) (Figure 3) , provided by the Swiss Federal Research Institute WSL, served to estimate the snow conditions at the time of the satellite passes. Repetitive freeze-thaw metamorphoses caused coarse-grained snow on both 10 February and 13 March 2000. For the 10 February 2000 TM acquisition, there was probably an isothermal multi-layered snow pack at 0°C with a thin, frozen surface crust, caused by daily air temperatures above 0°C and freezing night air temperatures. During the three preceding days 30.6 mm precipitation fell presumably as rain, as air temperatures were up to 8°C. Strong winds also favored snow-free tree crowns. On 13 March 2000 the snow pack was also estimated to be at 0°C, thus containing liquid water. During the three days preceding the 13 March TM acquisition the air temperatures fluctuated between Ϫ0.9°C and 12°C. The last precipitation event (10 mm) occurred on 10 March, presumably as rain, as air temperatures were 3°to 5°C. At the time of the satellite pass the air temperature was 5.6°C. The tree crowns were therefore assumed to be snow free.
A digital forest fraction map with pixels corresponding to Landsat TM pixels in size (30 m ϫ 30 m) and location was generated from a true color, aerial orthophoto with 0.8 m ϫ 0.8 m pixel size (1:30000 original scale). The aerial photo was acquired on 12 March 1998 for snow-free conditions. Threshold techniques were applied on the green channel of the aerial photo to create a binary image of tree crown pixels and pixels of other surfaces. The tree crown area fraction (A S ) for each corresponding Landsat TM pixel was calculated by aggregating the pixels of the aerial photo, which had been classified as tree crowns.
Precise geocoding is crucial for all subpixel analysis combining different data sets. The accuracy of the rectified Landsat TM images was evaluated qualitatively and quantitatively. Qualitative tests included vector overlaying of lakes, rivers, and forest from thematic maps on the rectified images. Quantitative tests included map coordinate comparison between the images, and validation by a study of residual errors in the ground control points (GCPs) and check points applied in the orthoimage generation. The GCPs were evenly distributed in the Landsat images, and additional points were used as check points to evaluate the geocoding in the study area. A leaveone-out method was employed to evaluate the Root Mean Square Error (RMSE) of each GCP, by transforming single GCPs to check points and then calculate RMSE for this check point. Combined x and y errors were approximately 24 m for the GCPs and 30 m for the check points for both Landsat TM images (Table 2 ). This represents an average displacement of 0.8-1 pixel. The accuracy of the geocoded aerial photo was within few meters.
Experiments and Results
Three experiments were carried out with the data set and are presented successively in this section. The first experiment is calibration of the TopoSnow and the TopoTree models based on an analysis of radiometric terrain effects from snow and spruce forests. The second experiment is reflectance modeling with the SnowFor model with and without these calibrated topographic reflectance models. The third experiment is an evaluation of the four topographic correction methods applied on a test image of snow and spruce forests. The two visible channels, TM2 and TM3, were highly correlated. Therefore, figures and tables include only TM3.
Calibration of the TopoSnow and the TopoTree Models For the purpose of calibrating the TopoSnow and TopoTree models, radiometric terrain effects from snow and spruce forests were examined for the visible and the near-infrared channels (TM2-4) of the two Landsat TM scenes (10 February and 13 March 2000). Pure pixels of unforested snow-covered areas (1,843 Landsat TM pixels) and densely forested areas (1,163 Landsat TM pixels) located at varying terrain expositions outside, but close to the 2.76 km ϫ 1.44 km test site were selected. These areas were located approximately 0.3-6.0 km from the test site. The reason for choosing areas outside the test site for the model calibration was to use independent data sets for validation of the SnowFor model (see the experiment on reflectance modeling). Maximum terrain slope and the respective terrain azimuth angle were derived for each pixel from the DEM. Using these terrain parameters and the solar elevation and azimuth angles at the image acquisition time, cos(i) was calculated for each pixel according to Equation 1. The solar elevation angles were 23.3°on 10 February and 34.9°on 13 March 2000, the respective solar azimuth angles were 150.2°and 146.8°.
Radiometric terrain effects for snow and dense spruce forests are clearly illustrated in Figure 6 . The effects are larger for snow than for spruce forest, and are particularly pronounced for slopes located parallel to the solar illumination plane. Analogous terrain effects were obtained for dense spruce forests and snow in both Landsat TM scenes, but with slightly stronger effects on 10 February 2000. In general, the magnitude of the terrain effects are related to the magnitude of the true reflectance of snow and spruce forests in TM3 and TM4 ( Figure 5) . Thus, the terrain effects become larger as the true reflectance of a target becomes higher.
The TopoSnow and the TopoTree models were calibrated from scatterplots of cos(i) and observed visible and nearinfrared apparent reflectance for snow and dense spruce forests ( Figure 7 ). Areas located in shadows have cos(i) values less than zero. Distinct characteristics related to linearity and separability are seen in the scatterplots. The apparent reflectance of snow, and also dense spruce forests, display strong linear dependence on the cos(i). Therefore, the TopoSnow (R SW ) and the TopoTree (R S ) models were calibrated through linear regressions (Table 3) , where cos(i) explained up to 86 percent and 76 percent of the variance in the apparent reflectance for snow and dense spruce forests, respectively. Thus, for this data set the direct radiation and land-cover specific reflectance are the main causes of variability in the apparent reflectance as illustrated in Figure 2 . Since a linear model was applied, and no other non-linear models better fitted the data set, a Lambertian model was considered an appropriate approximation both for spruce forests and for snow for the studied situations. Snow has been observed to reflect anisotropically, especially in the forward direction (specular reflectance) (Steffen, 1987; Winther, 1993) . Forests have been observed with a scattering peak in the backward direction (e.g., Deering, et al., 1999) . The illumination-terrain-sensor geometry did not include extreme specular angles in the solarillumination plane, since all pixels were nearly observed in nadir. The remaining scatter may be explained by secondary effects such as spatial variability of the snow surface (liquid water content, grain size, impurities), cast shadows from adjacent terrain and some anisotropic reflectance of snow and tree crowns. The ability to map snow depends on the spectral separability between the snow and other surfaces. As seen in Figure 7 the spectral separability between the two clusters of dense spruce forests and snow enlarges with increasing cos(i) values for visible and near-infrared wavelengths. The JeffriesMatusita measure (Richards, 1993, p. 250 ) was applied to quantify the spectral separability between these two clusters for defined categories of cos(i), divided into 0.1 intervals (cos(i) ϭ 0-0.09, 0.10-0.19, etc.). For both Landsat TM scenes, the two clusters were highly separable in visible and nearinfrared. Even for the lowest cos(i) values the Jeffries-Matusita separability measure showed 2.0, indicating high separability between classes. This separability test supports the division into separate topographic reflectance models for snow and forests.
Reflectance Modeling
Reflectance modeling with the SnowFor model was carried out for forests with full snow cover located within the 2.76 km ϫ 1.44 km test site (4,416 Landsat TM pixels). Landsat TM reflectance values were modeled for the visible and the near-infrared channels (TM2-4) for 10 February and 13 March 2000 (Equation 2, Figure 1 ). Overall, spruce was the dominant species, and minor occurrences of other tree-species were either mapped as spruce or not successfully mapped by the aerial photo. Therefore, completely snow-covered spruce forest was modeled by ignoring the pine component, the birch component, and the bare ground component:
The relative area of spruce tree crowns (A S ) for each pixel was taken from the forest fraction map. To study the importance of including radiometric terrain effects in the SnowFor model, two tests of reflectance modeling were performed. In the first test, terrain effects were ignored by modeling constant snow reflectance (R SW ) and spruce tree-crown reflectance (R S ) for all pixels of an image channel. Average reflectance values were determined from pixels of pure snow or dense spruce forests located in horizontal terrain closely outside the test site (Table 4) . For the TM images of 10 February and 13 March 2000, horizontal terrain corresponded to cos(i) ϭ 0.39 and cos(i) ϭ 0.57, respectively. In the second test, terrain effects were included by integrating the calibrated TopoSnow and TopoTree models as the snow reflectance (R SW ) and the spruce tree-crown reflectance (R S ) in the SnowFor model (Table 3) .
Modeled Landsat TM reflectance (R ) was evaluated against the observed Landsat TM reflectance (R) for the visible and the near-infrared channels. Linear regression models gave estimates of how well the modeled reflectance fits the observed reflectance. Without accounting for topography the modeling results were rather poor, with R 2 values ranging from 0.30 to 0.37. When terrain effects were included the R 2 values Figure 7 . Scatterplots of the local solar incidence angle and apparent reflectance for snow and dense forest, respectively. The TopoSnow and TopoTree models were calibrated from this data set (see regression equations in Table 3 ). The solar incidence angles for flat (horizontal) terrain are displayed. improved, ranging from 0.54 to 0.68 (Figure 8 ). For both dates and TM channels the modeled reflectance is for the most part overestimated for pixels with low reflectance values and underestimated for pixels with high reflectance values, when comparing to an ideal 1:1 model. The R 2 values were higher on 10 February than on 13 March, for visible and near-infrared reflectance. The best model fit was obtained for the near-infrared channel on 10 February (R 2 ϭ 0.68). A possible reason for higher model fit on 10 February may be related to stronger model fit of the TopoSnow and TopoTree models on this date. Error sources in the reflectance modeling are discussed in a later section.
Evaluation of Topographic Correction Methods for Snow and Forests
There is no topographic correction method generally accepted by the scientific community for all applications. Four commonly used methods (Lambertian cosine correction, Ccorrection, Statistic-empirical correction, and Minnaert correction) were evaluated in this experiment. These methods aim to normalize the illumination of each pixel to flat terrain by making the pixel reflectance independent of the local solar incidence angle i.
An experiment was set up to analyze the performance of these methods for snow-covered spruce forests. For this purpose the TM3 and TM4 channels of the 10 February 2000 TM scene were applied. To analyze pure land cover types, the same regions of snow-covered open areas and dense forests as those used to calibrate the TopoSnow and the TopoTree models were selected to form a test image. Topographic corrections of this test image were carried out with the four methods ( Table 1) . Empirical parameters required for the C-correction and Statistic-empirical correction were first derived by linear regression of cos(i) and apparent reflectance using all the snow and the dense forest pixels in the test image (Table 5 ). Deriving these parameters using all pixels simultaneously represents common user practice for these methods. Therefore, the parameters are here referred to as ensemble parameters. Next, the procedure was compared with a procedure deriving empirical parameters from specific spectral land cover types, here referred to as land cover specific parameters. Hence, parameters for snow were determined from open snow-covered areas, and parameters for spruce were determined from areas covered by dense forests. This second approach corresponds to the approach applied in calibrating the TopoSnow and TopoTree models. Following the methodology in Smith, et al. (1980) , Minnaert constant was determined for: 1) Snow; 2) Dense spruce forest; and 3) Mixture of snow and dense spruce forest. The two former are land cover specific parameters. The latter is ensemble parameter.
Results of the topographic corrections of the test image, using ensemble parameters and land cover specific parameters, are shown in Figures 9 and 10 . Results are presented separately for the snow and the forest areas. Similar results were obtained for both TM3 and TM4 channels of the 10 February image. Therefore, only the TM4 channel is displayed in Figures 9, 10 and Table 5 . Generally, the Lambertian cosine correction over-corrects significantly for low cos(i) values due to near-zero division (Figure 9 ). This observation is earlier described by Teillet, et al. (1982) , Meyer, et al. (1993) and Ekstrand (1996) . Areas with cos(i) values less than zero are In summary, best results were obtained using land-cover specific parameters. For forests, the methods were ranked in the following order, based on the results: 1) Statistic-empirical correction; 2) C-correction; 3) Minnaert correction; and 4) Lambertian cosine correction. For snow, best results were also obtained with the Statistic-empirical correction, using land-cover specific parameters. The other methods were difficult to rank for snow.
Discussion
The results show that the use of TopoSnow and TopoTree enhance the modeling of reflectance variability from snowcovered forests. To explain the errors in the reflectance modeling that still remained after having included terrain effects, a thematic analysis of the errors was carried out. From modeled and observed reflectance values for every pixel, absolute errors (ε abs ϭ R Ϫ R) and relative errors (ε rel ϭ (R Ϫ R)͞R) were computed. The aim was to search for sources of large errors, and to look for systematic errors. The topics of the discussion are the proportions of snow and trees within a pixel, the solar incidence angle, the terrain relief effects, and, the importance of land cover specific models.
Proportions of Snow and Trees within a Pixel
A possible relationship between the reflectance modeling error and the proportions of snow and trees within a pixel was investigated. Pixels used in the reflectance modeling (4,416 pixels) were divided into categories based on their tree-crown area percentage, which means that every category includes pixels having a wide range of local solar incidence angles. Average and standard deviation of both absolute and relative errors were estimated for each category (Figure 11 ). Positive average values represent overestimation of the reflectance, while negative values represent underestimation. The plots of absolute errors indicate a relationship to the true reflectance of a land cover type. The largest errors occur in sparsely forested areas where the major contribution to pixel reflectance stems from snow, while the lowest errors are obtained for relatively dense forests (80-89 percent tree crown area). Figure 10 . Comparison of topographic correction methods applied on the same data set as presented in Figure 9 . The results of using both the ensemble parameters and the land-cover specific (class) parameters from Table 5 are shown. Using land-cover specific parameters means that snow areas and forest areas were corrected by applying empirical parameters derived for snow and forests, respectively. Negative apparent reflectance values are included for illustration, but will in practice be set to 0. located in shadows. To avoid the over-correction these areas are commonly set to zero reflectance or excluded from the analysis. The C-correction is a modification of the Lambertian cosine correction, which displaces the over-correction towards lower cos(i) values. The effect is very well illustrated for forest in Figure 10a . The results for the forest areas are further improved when land cover specific parameters are applied in C-correction as compared to ensemble parameters. The Statistic-empirical correction gives quite large errors for the forest areas when using ensemble parameters, while land cover specific parameters provide the overall best correction results for forests (Figure 10c) . Generally, the snow pixels are much more scattered than the forest pixels, and best correction results are also obtained with the Statistic-empirical correction using land cover specific parameters. Although the Minnaert constant was estimated for specific land cover types, the results of this correction were generally weak, with some improvements over the Lambertian cosine correction for forest. As shown in Table 5 the Minnaert constant is strongly surface dependent. The ensemble parameter for Minnaert constant (k ϭ 1.06) becomes too large because it is determined from a data set including two land cover types (snow and spruce forest) with quite different reflectance. Values of the Minnaert constant have previously been suggested for pine (Smith, et al., 1980; Colby, 1991) , spruce (Ekstrand, 1996) and snow (Ronald Eyton, 1989) .
Relative errors were computed to avoid the relationship between absolute errors and true reflectance of snow and spruce forests, and thereby perhaps reveal other error sources. As observed in Figure 11b the relative errors are small for areas of pure snow or spruce forests. Both the average and the standard deviation of relative errors increase when the two land cover types mix, with a maximum error when the mixture consists of 50 percent of each type. This effect is significantly larger for the visible (TM3) than for the near-infrared (TM4) channel on both 10 February and 13 March 2000. However, the data set used in this study is not sufficiently large to judge whether these observations are arbitrary or systematic.
Local Solar Incidence Angle
To study errors arising from changing local solar incidence angle, i, within the test site, all pixels were divided into categories based on their cos(i) value. In this manner every cos(i) category includes unforested, sparsely and densely forested pixels. Average and standard deviation of the relative errors (ε rel ) for each category is shown in Figure 12 . A wavelength dependent trend is observed in the plots. The relative errors for the near-infrared channel (TM4) are rather independent of the solar incidence angle, while for the visible channel (TM3) the relative errors increase with cosine of the solar incidence angle. Hence, the more direct radiation a pixel receives the higher the errors become, which may indicate that some terrain effects still remain for the visible channel.
In summary, the thematic analysis of absolute and relative errors suggests that more sophisticated modeling of particularly shadow effects (reflected diffuse illumination, cast shadows from trees, and adjacent terrain) is necessary to improve the reflectance modeling results. Inclusion of individual shadow effects has been attempted with single-tree modeling for flat terrain by Vikhamar and Solberg (2003b) . The cause for the overall larger relative errors for the visible channel (TM3) as compared to the near-infrared channel (TM4) may be that shadow effects are more important for visible than for nearinfrared wavelengths.
Terrain Relief Effects
The terrain relief may influence the results in several ways: 1) The calculation of terrain parameters (slope and azimuth), and thereby the computed local solar incidence angle, depend on the accuracy of the DEM. The accuracy of the DEM used in this analysis was 3-5 m (Swisstopo, 1999) , and considered good for the purpose. Still, a DEM with higher spatial resolution than 25 m would improve the terrain parameter calculation due to better representation of the terrain relief. 2) The geometric co-registration of the DEM, the satellite images and the aerial photo is crucial for the results, and depends on the terrain relief roughness. A geometric displacement of one pixel would have larger influence for areas with steep relief than for areas with smooth relief. The geometric accuracy of the Landsat TM images was 0.8-1 pixel (see description of the data set).
3) The local solar incidence angle was calculated from a DEM representing the terrain relief. If there was a difference between the terrain relief and the canopy relief, the local solar incidence angle may have been inaccurately computed for areas with dense forest, but this effect is considered small.
Land Cover Specific Models
The evaluation of four topographic correction methods revealed that the three methods requiring empirical parameters give best results when land-cover specific parameters are applied. The focus on forests with relatively homogeneous reflectance properties is a reason why e.g., Meyer, et al. (1993) obtained good results using the C-correction and the Statistic-empirical correction. The experiment in this work demonstrates the sensitivity of these methods to land-cover types. Since land cover types with both low (forest) and high (snow) true reflectance where examined, the extreme effects are illustrated. In summary, these methods may give appropriate results for visible and near-infrared images of either snow or forests, if land cover specific parameters are applied. The performance of these methods is low for mixed pixels of snow and forests. The reason is the large spectral difference between snow and spruce forests in these wavelengths.
The four topographic correction methods are not directly comparable with the TopoTree and the TopoSnow models because the former removes the terrain effects, while the latter includes terrain effects. Therefore, no quantitative comparison was carried out. The motivation for proposing an approach, which includes rather than removes the terrain effects, is based on the purpose of the reflectance modeling, which is improved snow-cover mapping in forests by spectral unmixing using the SnowFor linear spectral mixture model. For the SnowFor model, terrain effects should be accounted for by every land cover reflectance component and not for the entire observed pixel reflectance. It was clearly demonstrated in Figures 6 and 7 that terrain effects depend on land cover type and influence differently for snow and spruce forests. It was also shown in Figures 9 and 10 that the evaluated topographic correction methods are improved when they are adapted to specific land cover types, but still these methods correct the entire observed pixel reflectance and not subpixel land cover reflectance components.
Conclusions and Outlook
To map the snow in forests, the primary factors, trees, snowfree bare ground, wavelength and topography should be accounted for. For this purpose Solberg (2002 and 2003b) previously developed the SnowFor linear spectral mixture model described for snow, trees and bare ground in flat terrain. In this paper, the SnowFor model is extended by accounting for topography. Terrain effects are not removed from the observed pixel reflectance but included for every reflectance component of the SnowFor model. Two submodels (TopoSnow and TopoTree) are proposed for modeling the reflectance from snow and tree-crowns, respectively.
Experiments with two Landsat TM images of hilly, forested terrain with full snow coverage (Alptal, Switzerland) show that the calibrated TopoSnow and TopoTree models improve the modeling of reflectance variability from snowcovered forests. Modeled and observed Landsat TM visible and near-infrared reflectance were compared with and without the TopoSnow and the TopoTree models. When terrain effects were included in the SnowFor model, the R 2 values were considerably improved from 0.30-0.37 to 0.54-0.68. Finally, the performance of four extensively used topographic correction methods was examined for snow-covered forests (Lambertian cosine correction, C-correction, Statisticempirical correction, and Minnaert correction). The importance of using land cover specific parameters was demonstrated for snow and dense forests for the visible and nearinfrared channels. The performance of these methods is low for mixed pixels of snow and forests due to large differences in true reflectance of snow and spruce forests in these wavelengths. Therefore, terrain effects should be handled for every reflectance component in the SnowFor linear spectral mixture model, as was attempted in this study with the TopoSnow and TopoTree models.
Experiences from this work will allow improved snowcover mapping with the SnowFrac method (Vikhamar and Solberg, 2003a) . MODIS images are currently most suitable for operational snow-cover mapping based on SnowFrac. Spectra of snow and forests are required to map snow in forests by spectral unmixing. For this purpose calibrated functions for TopoSnow and TopoTree may be generated for image channels which are sensitive to terrain effects, as shown in this study, for visible and near-infrared wavelengths. The results from the two TM scenes demonstrate that the terrain modifies the spruce forest reflectance less than the snow reflectance. For winter conditions the natural reflectance variability of spruce trees is also less than for snow. This opens the possibility to derive a single generalized TopoTree function for every terrain-sensitive channel for use on other scenes to map snow with SnowFrac. For the same reasons, generalized TopoSnow functions for a few defined snow types (dry, wet, fresh, and old snow) for terrain-sensitive channels may be derived. The snow type of a scene may be inferred from meteorological data. As an alternative to the empirical approach presented in this study, physical models handling both topography and spectral classes (BRDF models of snow and forests) also represent an interesting approach for future research on snow-cover mapping of forested areas, as well as for other applications.
